In monitoring studies at wind farms, the estimation of bird and bat mortality caused by collision must take into account carcass removal by scavengers or decomposition. In this paper we propose the use of survival analysis techniques to model the time of carcass removal. The proposed method is applied to data collected in ten Portuguese wind farms. We present and compare results obtained from semiparametric and parametric models assuming four main competing lifetime distributions (exponential, Weibull, log-logistic and log-normal). Both homogeneous parametric models and accelerated failure time models were used. The fitted models enabled the estimation of the carcass persistence rates and the calculation of a scavenging (2013) 20:147-165 correction factor for avian mortality estimation. Additionally, we discuss the impact that the distributional assumption can have on parameter estimation. The proposed methodology integrates the survival probability estimation problem with the analysis of covariate effects. Estimation is based on the most suitable model while simultaneously accounting for censored observations, diminishing scavenging rate estimation bias. Additionally, the method establishes a standardized statistical procedure for the analysis of carcass removal time in subsequent studies.
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Introduction
Bird and bat collision with man-made structures such as wind turbines, communication masts, power lines, buildings and fences is a well known phenomenon, extensively described in the literature (e.g. Barrios and Rodriguez 2004; Gelb and Delacretaz 2006; Hass et al. 2005; Newton 1998; Smallwood and Thelander 2004; Thelander and Smallwood 2007) . Considered as a potential cause of significant avian mortality, collision is pointed out by some authors as the greatest unintended human cause of avian fatalities (e.g. Kelm et al. 2004) . Currently, fatality of flying vertebrates through collision with rotating turbine rotor blades and other structures in wind farms receives most attention as consequence of the growing risk posed by the rapid increase in the number of wind turbines worldwide (Drewitt and Langston 2008) .
Understanding the real impact of wind farm projects on avian and bat populations implies mortality estimation. To achieve that goal, appropriate monitoring has to be conducted whenever a wind farm project is consented.
To estimate real mortality, the observed mortality (number of carcasses found) needs to be adjusted for carcasses of animals which die but became unavailable for detection, either by scavenger removal, decomposition or any other cause. To quantify removal, wind farm monitoring plans include removal trials. Typically, in these trials a certain number of carcasses is randomly placed around the wind turbines for a a priori fixed period of time and time until removal is recorded.
Currently available methods to accommodate mortality estimates for removal vary greatly and in some cases are poorly described. Several authors (e.g. Kunz et al. 2007; Arnett et al. 2008 ) recently mentioned the lack of a reliable scavenging correction factor as an important source of unreliability in bird and bat mortality estimation. Next, we describe the currently applied methods used in practice to estimate scavenging rates. The described methodological heterogeneity illustrates the need for a unified estimation solution in order to ensure a correct evaluation of carcass removal and to contribute to find reliable and comparable mortality estimates between wind farms worldwide.
One of the most popular procedures estimates the scavenging removal by the mean length of time that a carcass remains on the study area before removal, based on the assumption that time until removal (t) follows an exponential distribution with density f (t) = ρ exp(−ρt) (t > 0, ρ > 0). Therefore, the mean length of time until removal is estimated by maximum likelihood by s i=1 t i /(s − s c ), where t i is the time since placement of carcass i, s is the total number of carcasses planted for the trial and s c is the number of censored observations with constant value given by the time planned to end the experiment (e.g. Jonhson et al. 2003 Jonhson et al. , 2004 Erickson et al. 2004) .
Also assuming an exponential distribution for carcass persistence time, Huso (2010) adjusts mortality estimation for scavenging removal calculating the average probability of persistence of a carcass asr = (1/I ) I x=0 exp(−x/t)dx, where I represents the length of the interval under consideration and the inverse of the mean persistence time (t) estimates the ρ parameter of the exponential distribution. Barrios and Rodriguez (2004) estimated the number of birds carcasses that were removed by fitting an exponential function to the time of disappearance. These authors interpret this function as giving the rate of disappearance, and thus the removal probability, although the presented equations were neither probability density functions or probability distribution functions. They estimate the scavenging correction factor by averaging this rate of disappearance over the time elapsed between searches.
Other authors adjust observed mortality for scavenger removal by dividing the number of carcasses remaining at the end of a time period by the number of carcasses at the beginning of the period (e.g. Kerlinger 2002; Schmidt et al. 2003; Anderson et al. 2004; Brown and Hamilton 2006) . Some authors (e.g. Schmidt et al. 2003; Brown and Hamilton 2006) calculate this proportion at the end of several weekly periods and adopt the correction factor as being the average of weekly values. Instead of finding the proportion of unscavenged carcasses at the end of a search cycle, Jain et al. (2007) calculated the proportion of removed carcasses after approximately half the actual search cycle, based on the assumption that the probability of a collision event is uniformly distributed between searches. Kerns et al. (2005) conducted trials for 21 days and estimated carcass persistence rate based on the empirical cumulative probability distribution by averaging the daily proportions of unscavenged carcasses for 7 days periods, 1 7 (8, 14) and (15, 21) days. Linz et al. (1991) estimated carcass removal by scavengers using the product-limit life table method (Kaplan and Meier 1958) . Based on Linz et al. (1991) , Osborn et al. (2000) explicitly mention the use of nonparametric survival analysis methods (Kaplan-Meier) to analyze scavenging data at a wind farm site. These authors also estimate the percentage of unscavenged carcasses by dividing the number of carcasses remaining at the end of a time period by the number of carcasses at the beginning of the period. Rivera-Milan et al. (2004) and Kostecke et al. (2001) used survival analysis to estimate removal rates of bird carcasses in non wind farm related contexts. These authors used parametric survival analysis methods, modeling data through an exponential regression. Tobin and Dolbeer (1990) , also working in a different theoretical context, estimated bird carcass persistence rates using an accelerated failure time model, by fitting a Weibull distribution to the time that carcasses remained in place until removal.
The data collected from carcass removal trials are classical examples of survival times. Their underlying distribution is typically positively skewed and often includes censored observations. The presence of censored observations is common when dealing with environmental data (Thompson and Nelson 2003) and its analysis has received attention in the literature (e.g. Akritas et al. 1994 ). This type of data is not amenable to standard statistical procedures and proper survival analysis should be used instead (Collett 2003) .
Survival analysis includes nonparametric, semiparametric and fully parametric methodologies. Modeling survival data by using nonparametric procedures has the advantage to be unrestricted to a particular probability distribution resulting in a more flexible methodology, of wider applicability, but limits inference and prediction. A semiparametric approach allows to go further when the study involves the analysis of several variables as predictors of survival times. Because it does not assume any particular form of probability distribution for the survival times, in some cases, it is preferred to avoid errors related to the misspecification of the probabilistic model. Nevertheless, parametric methods, by assuming a specific form to the underlying data distribution, may allow more precise inferences (Collett 2003) , although, in this case, estimates and their corresponding variances depend heavily on the validity on the assumptions. Efron (1977) and Oakes (1977) showed in particular that, under certain conditions, parametric survival models can lead to more efficient parameter estimates than the Cox model.
Using data sets from ten Portuguese wind farms we compare different survival analysis strategies (semiparametric and parametric) that can be used to model carcass removal time. We explore the impact that different modeling assumptions have on mortality estimates. Ultimately, we aim to establish a reliable statistical methodology for analyzing data from removal trials that avoids reporting findings exclusively on the grounds of empirical estimates promoting instead the use of adequate statistical models as a consequence of proper comparative goodness-of-fit analysis regarding diverse plausible models.
In the subsequent sections we describe carcass removal trials from which data was collected (Sect. 2), detail the statistical methods (Sect. 3), define the scavenging correction factor for mortality estimation (Sect. 4) and comment on the statistical findings of our research (Sect. 5). In the last section, we highlight the main conclusions, the practical value and the importance of the work developed.
Carcass removal trials
The motivating data comes from carcass removal trials conducted in ten wind farms located in the north and center of Portugal (for confidentiality reasons site are coded from WF1 to WF10). Trials were spread over two seasons (May/June and September/October or January/February and July/August) to assess the potential effects of weather conditions. Complete and fresh carcasses of parakeets (Melopsittacus undulates), quails (Coturnix coturnix) and partridges (Alectoris rufa) were used to represent three bird size classes-small (length under 15 cm), medium (length between 15 and 25 cm) and large (length above 25 cm)-aiming to reflect the potential effect of carcass size in scavenging rates. Bird carcasses were obtained in avian breeding facilities. The carcasses were placed in the area of influence of the wind farm at a minimum distance of 500 m from each other. The number of carcasses placed in each trial varied between 20 and 80, according to the size of the farm. The carcass size class was chosen randomly. After their placement, all carcasses were monitored daily, every morning, recording time until removal for a maximum period of 20 days.
Statistical analysis
A failure time (T ) distribution is completely specified by its survivor function, S(t) = P(T > t). This function represents the probability that a subject survives from the time origin to some time beyond t (t > 0). In survival analysis, the hazard function,
, is also of interest because it expresses the risk of the event at time t.
Assuming that carcass removals occur independently of one another, the survivor function can be estimated nonparametrically using the Kaplan-Meier estimator (1958) . This estimator, formed as a product of estimated probabilities, represents the empirical probability of surviving beyond time t. In the absence of censoring, the Kaplan-Meier estimate is simply the ratio between the number of carcasses not removed until time t and the total number of carcasses placed in the beginning of the trial.
The semiparametric model known as the Cox regression model (1972) is a proportional hazards model in which the hazard at time t is linked to the vector of p covariates for the i-th
is the vector of the unknown regression coefficients for the explanatory variables in the model and h 0 (t) represents the reference hazard for a subject with
indicates that the hazard rate increases/decreases with the covariate value. In this model, covariates are assumed to act multiplicatively on the reference hazard and exp(γ j ) defines the relative hazard. Hence, the Cox regression model allows the interpretation of the results in terms of the relative risk.
Parametric survival analysis is based on a distributional assumption. There are several probability distributions described in the literature as suitable for survival data. The exponential, Weibull, log-logistic and log-normal distributions were used to model the removal process as they are among the most frequently used (e.g. Kalbfleisch and Prentice 2002; Lawless 2003) .
The Weibull distribution with survivor function defined by S(t) = exp{−(ρt) γ } (ρ, γ > 0) has a monotonic decreasing hazard for a shape parameter less than one (γ < 1). Hence, it seemed a plausible model for scavenger removal trials, as the risk of removal is likely to be decreasing. However, when modeling carcass removal time it is possible to admit situations in which removal risk could first increase (because of smell, for instance) and then decrease. In these situations, the log-logistic and the lognormal models, whose hazard functions admit a positive mode, may be more adequate than the Weibull model. The corresponding survivor functions are given respectively by
where (·) is the normal cumulative function. An a priori exponential distribution, for which S(t) = exp{−ρt}, seems implausible for scavenger removal times, because the implicit hazard of removal is constant. Nonetheless this distribution was included in our study because it is the most commonly used distribution in wind farm mortality estimation (e.g. Jonhson et al. 2003; Erickson et al. 2004; Fiedler 2004; Huso 2010) .
The previously mentioned probability models can be generalized into regression models to account for covariates effect. A general family of parametric survival regression models that encompasses all the above mentioned distributions is the accelerated failure time model (e.g. Kalbfleisch and Prentice 2002) . These regression models can be represented in a general form in which the hazard at time t for the i-th subject is given by
is the vector of the unknown regression coefficients of the p covariates. The survivor function for the i-th individual is then given by S i (t) = S 0 (t/ exp(x i α)). In this model, explanatory variables act multiplicatively directly on the survival time (recall that in Cox regression model covariates are modeled as acting multiplicatively on the baseline hazard) and exp(α j ) ( j = 1, ..., p) reflects the impact that a certain condition has on the baseline time scale. The quantity exp(−α j ), termed acceleration factor, indicates the acceleration (if > 1) or the deceleration (if < 1) on the time of an event under a specific condition, relative to a reference situation. Cox and parametric survival regression models are likely to present coefficient estimates with opposite signs for the same covariates. This change in sign occurs because while the Cox model uses covariates to model the hazard rate, the parametric regressions use them to model directly the survival times. Hence, a positive sign of a coefficient in the parametric regression models indicates a deceleration on the event time, i.e., a hazard decrease. A negative sign represents the opposite.
Parametric accelerated failure time models can be unified by a log-linear formulation. This formulation may be used to give a useful general form for the survivor function. Considering the variable T i that represents the removal time for the i-th carcass, log T i can be related to the vector of the covariates, x i , via log T i = μ+x i α +σ ε i where μ and σ are, respectively, the intercept and the scale parameter and ε i is the error variable. The survivor functions for exponential, Weibull, log-logistic and log-normal regression models are then given respectively by
(1)
As, in this context, the final goal of inference is to use the fitted models to estimate carcass persistence probabilities, and these can depend heavily on the model selected, procedures that check model adequacy are particularly important. Both goodnessof-fit measures and plotting procedures were used to discriminate between the four mentioned competing parametric models (Bispo et al. in press) . In this work we used the Cox-Snell residual plots to assess the overall fit of the models. The values for Akaike's Information Criterion (AIC) were used to compare the models' relative fit. In particular, AIC differences (defined, for model l, as ΔAI C l = AI C l − AI C min , where AI C min is the lowest AIC value for the fitted models) were determined for the fitted parametric models. As the best parametric distribution assumption is taken according to the lowest AIC value, AIC differences express the loss of information when the fitted model is used instead of the best adjusted model (Burnham and Anderson 2004) .
The models efficiency for parameter estimates was compared using the Wald statistic, defined for a parameter β by the ratioβ/ŝe(β) which converges in distribution to a standard normal distribution.
Scavenging correction factor
Assuming that the fatalities caused by collision occur uniformly over time, the scavenging correction factor (r vk ) can be defined by
where I is the time interval between two consecutive searches and S k (t) is the parametric survivor function for the k-th condition. r vk expresses the average carcass persistence probability at the v-th search for the k-th condition defined by the covariates levels (or combination of levels). Equation 5 generalizes the estimator proposed by Huso (2010). To reduce bias estimation, we propose the estimation of S(t) based on the best fitted parametric survival model instead of assuming a priori the exponential distribution.
Results
In this study the removal time data was modeled accounting for season and carcass size effects. Farm site was not included as a covariate. Differences between inter-sites scavenging rates reported in previous work (Kerns et al. 2005 ) advise a site-specific based analysis as recently stressed by Arnett et al. (2008) . Additionally, monitoring plans specific for each consented wind farm are often required by legislation, which implies site-specific trials and results.
Data were analyzed using R Environment for Statistical Computing (R Development Core Team 2011). In particular, we used the "survival" package (Therneau and original Splus->R port by Thomas Lumley 2011).
Comparative analysis of semiparametric and parametric modeling approaches
Competing models were first analyzed regarding their goodness-of-fit. A graphical analysis of the Cox-Snell residuals (Fig. 1) shows that the models are generally well adjusted to all data sets, although some observations, corresponding to larger times until removal, are badly predicted by some less appropriate models, as shown by some extreme residual values which deviate from the expected linear relationship between the Cox-Snell residuals and the cumulative hazard of residuals for an appropriate model. Table 1 presents AI C values for the fitted parametric models. For WF1, WF3, WF4, WF6 and WF7, AIC differences indicate the log-normal model as the best fit. At WF2, WF5 and WF10, the log-logistic model presents the best fit. For the two remaining sites (WF8 and WF9) the Weibull based model presented the lowest AIC values. In some cases differences between AIC values regarding the different models were minimal (e.g. log-logistic and log-normal models for WF1), suggesting similar goodness-of-fit. As expected, the exponential was never the best model.
As the models' parameter estimates or their respective standard errors are not suitable for direct comparisons between models because the scale of the parameters differ, the Wald statistic was used to analyze comparatively the fitted models regarding their relative efficiency (Nardi and Schemper 2003) . The obtained Wald statistic values (Table 2) show that fitted models present different efficiency in parameter testing. For WF8, WF9 and WF10 the absolute values obtained under the best fitted parametric models (the Weibull model for WF8 and WF9 and the log-logistic model for WF10) were clearly higher than those obtained under the Cox model. There are other situations in which the gain in using a parametric model is only partial, as, e.g., at WF6, where the best parametric model (log-normal) leads to a higher efficiency in parameter testing when compared to the Cox model, only for the covariates representing carcass size. For some other data sets, as for WF1, both approaches present similar efficiency. As the Wald statistic converges in distribution to a standard normal distribution it also gives information about covariates significance. In this study, the obtained values point to homogeneous removal times regarding season and carcass size factors in 6 (WF1 to WF6) out of the 10 wind farms (at WF5, the experimental design did not include body size effect). In WF7 and WF8, only season had a significant effect ( p < 0.001) and in WF9 and WF10, both covariates seem important and have a significant effect on the removal times ( p < 0.001).
Models interpretation
Both the empirical survivor functions (Kaplan-Meier) of carcass persistence and the best fitted parametric models (estimated survival functions in Online Resource 1) are illustrated in Figs. 2 and 3 . Overall, plots in both figures show a very good agreement between the observed and the fitted survivor functions. Figure 2 illustrates the removal processes for the six wind farms where available covariates where not found important to explain survival time. This figure shows that the rate of removal at WF4 and WF5 was the fastest, with only, respectively, 3 and 15 % of the carcasses remaining after 7 days. In these two wind farms, complete removal occurred shortly after 13 and 15 days of placement, respectively. In the remaining four sites the removal process was slower and censored observations were registered. The slowest removal process was recorded at WF3. For this wind farm, the observed percentage of carcasses that remained unscavenged was never below 35 %. From these plots, we see that the removal processes can be very distinct between sites, which reinforces the need for separate modeling. In Fig. 3 , the persistence decay for WF7 and WF8 is plotted by season. In these sites a similar scenario holds, in the sense that at both wind farms a rapid removal process was observed during the hot season and a slower process of removal prevailed during the cold season. However, at WF7, the removal rates were lower and censored times were observed in both seasons. The seasonal effect was more notorious at WF8, where 5 days since placement were enough to observe complete removal of avian carcasses during spring. During fall, complete removal was observed after 15 days and no censored observations were recorded. Plots regarding sites where both covariates significantly affected time until removal (WF9 and WF10) show a tendency towards higher persistence rates during the colder seasons depending, however, on the size of the carcass. In fact, at WF9, during the May/Jun trial, carcasses of medium and large sizes were completely removed by the fourth and sixth days, respectively, and small size carcasses persisted in place until nine days of placement. By contrast, during Sep/Oct, carcasses of medium and large sizes were completely removed after 7 and 6 days, respectively, and small size carcasses still remained unremoved after the end of the trial, originating censored observations. At WF10, a similar scenario was found. For the trial conducted in Jul/Aug, carcasses of medium size were completely removed shortly after 3 days of placement and the large size carcasses remained unscavenged until 15 days of placement, when complete removal occurred. During the Jan/Feb trial, medium size carcasses were completely One of the advantages of the parametric approach is that, for non-homogeneous populations, it provides direct assessment of the fitted model in terms of the speed of event of interest. Hence, in this study, the acceleration factor (exp(−α j ), see Sect. 3), expresses the effect that a specific covariate has on removal speed (for detailed information about coefficients values see estimated survival functions in Online Resource 1).
At WF7, where the best model is the log-normal model, the acceleration factor value indicates a carcass removal process about 2 (exp(0.808) = 2.24) times faster during Jul/Aug than during Jan/Feb. At WF8, where the best model is the Weibull model, the time of removal of a avian carcass during Sep/Oct was found to be about 4 times lower than that recorded during May/Jun.
The values of the acceleration factors show that, at WF9, the removal process of avian carcasses occurred following the decreasing order (acceleration factors in brackets): medium size-May/Jun (2.80), large-May/Jun (2.08), medium-Sep/Oct (1.67), large-Sep/Oct (1.24), small-May/Jun (1.00) and small-Sep/Oct (0.60). Hence, it seems that the carcass size effect can be stronger than the season effect. At WF10 the removal followed the decreasing order (acceleration factors in brackets): medium-Jul/Aug (4.50), large-Jul/Aug (1.30), medium-Jan/Feb (1.00) and large-Jan/Feb (0.33). At this wind farm, the removal process was clearly faster for carcasses of medium size during Jul/Aug, with an almost five times faster removal than carcasses of medium size during Jan/Feb.
Scavenging correction factor estimates
In practice, the time period between two consecutive searches for carcasses in wind farms for which is necessary to calculate the scavenging correction factor can vary greatly. In this study, for illustration purposes, we calculated the average values for a time interval of 7 days, with no loss of generality. Table 3 summarizes the weekly scavenging correction factors estimated from the best parametric fitted models for each studied site. The scavenging correction factor values clearly differ between the six farms where no covariates were found to be significant (WF1 to WF6). At WF4 and WF5, where the removal process was faster, only about 42-44 % of the carcasses remained, on average, unscavenged during a period of time of 7 days. By contrast, at WF3, for the same time interval, 78 % of the carcasses persisted, on average, due to the slow process of removal at this site.
The heterogeneity between WF7 and WF8 was even higher than the recorded for homogeneous populations. At WF8, the average rates show a more evident seasonal effect than the one found in WF7, as expected from the graphical representation of the survivor functions (Fig. 3) .
In WF9 and WF10, the smallest correction factors were found for medium size carcasses. At WF9, the large size carcasses were removed after medium size carcasses and small size carcasses were the last to be removed. Within each carcass size category, removal process was always faster during summer than during fall. At WF10, the correction factors were much higher for larger size carcasses than for medium size carcasses.
Impact of the removal time model distributional assumption on the estimation of mortality
To emphasize the importance of considering different plausible models, we compare the scavenging correction factor estimates (complete set of values available in Online Resource 2) and evaluate the impact that the distribution assumption can have on the estimated mortality rate. If at some sites the estimates of the correction factor were quite homogeneous across the different competing models (e.g., WF1 and WF6), there are others sites (such as WF5 or WF9), in which the correction factor value clearly depends on the model distributional assumption, suggesting that the use of an incorrect model can severely bias mortality estimation.
Consider a carcass search protocol where weekly spaced searches are used. Further, consider that mortality rate (number of corpses per period of time) at the v-th search for the k-condition (m vk ), can be simply estimated by (Jain et al. 2007 )
where o vk is the number of found carcasses, r vk is the scavenging correction factor (see Eq. 5). Suppose d, the detection probability is fixed at 0.25. Assume that WF1 is being monitored and that after a period of 1 week, two bird carcasses per turbine were found. In this wind farm, estimated correction removal factors for a time interval of 7 days are 0.59, 0.61, 0.58 and 0.58, under the exponential, Weibull, log-logistic and log-normal regression models, respectively. Then, in this case, the estimated mortality (Eq. 6) would be, respectively, 14 (i.e., 2/(0.25 × 0.59)), 13, 14 and 14 birds. In this case, differences in mortality estimates, due to the different distributional assumption of the removal process, are minor.
A similar comparison reveals that in WF5 adopting an exponential model instead of the best fitted log-logistic model, the mortality will be underestimated by 16 % which turns out to be 624 birds in a year, considering the four turbines in this site.
Lastly, suppose that WF9 is being monitored and that a weekly average of five large size carcasses per turbine was found during Sep/Oct. In this case, the estimated mortality would be 40 and 35 birds under the exponential and the Weibull models, respectively. Hence, if working with the exponential rather than the best parametric model, mortality would be overestimated by five birds per week per turbine, i.e., 70 birds considering the 14 turbines in WF9. Similar computations lead to an underestimation of ( These examples illustrate the impact that model choice can have on the estimation of the parameters of interest.
Discussion
Previous studies estimate scavenger persistence rates either (1) empirically (e.g. Kerlinger 2002; Anderson et al. 2004; Kerns et al. 2005; Jain et al. 2007 ), which limits and may compromise inference; (2) based on a a priori distribution (exponential distribution) (e.g. Jonhson et al. 2003; Erickson et al. 2004; Fiedler 2004; Huso 2010) , or (3) using estimators not accounting for censored observations (e.g. Kerlinger 2002; Schmidt et al. 2003; Brown and Hamilton 2006) .
Here, we propose a method for the analysis of scavenger removal data aiming to standardize procedures and overcome the above mentioned limitations. We compared a semiparametric with a fully parametric approach. Overall we found advantages in using the parametric methodology. This method enables, simultaneously, to model carcass removal times accounting for covariate effects and to estimate persistence probabilities for all covariate levels. With this methodology, estimation is based on the most suitable probability distribution and accounts for censored observations, diminishing bias. Also, the integration of the estimation problem with the analysis of covariates effects, avoids performing several univariate analysis controlling the overall probability of making any incorrect decision, regarding covariates effect. Based on this approach we formally define a scavenging correction factor (Eq. 5) applicable to any time interval between searches used in carcass search protocols in wind farms monitoring projects or any other projects that imply carcass removal evaluation (as, e.g, roads and power lines monitoring projects).
In this study, the proposed methodology was used to model ten real data sets which give a broad realistic idea about the application conditions and the usefulness of the method. In six out of the ten wind farms no significant effects of body size and/or season were found, but in the remaining wind farms covariates were found to be highly significant, substantially affecting removal process and persistence rates. This stresses the need for accounting these covariates in scavenger removal trials, but also motivates the study of other explanatory variables that might influence estimation (e.g., type of vegetation cover).
Typically, persistence rates were found to be higher during colder seasons and lower for hotter seasons. Medium and large carcasses were removed prior to small carcasses, regardless of the season. Thus, we concur with other authors (e.g. Morrison 2002) indications that a separate trials by season and size carcass design is needed when measuring scavenging removal bias. The scavenging correction factors clearly differed between wind farms, showing that adjusting mortality based on scavenging rates determined elsewhere is not useful, and that, instead, the time of removal must be determined within each site as recommended previously by other authors (e.g. Arnett et al. 2008) .
In most wind farms, the log-normal and the log-logistic regression models fitted the removal time data better. In two study sites, the Weibull model adjusted better. The exponential model was never the best option. To model the time of removal we chose these four models, but others are available out there which might outperform these in practice. The recent study by Silva et al. (2010) characterizes the generalized exponential geometric distribution (GEG distribution), with cumulative distribution function F(x; β, p, α) = ((1 − exp{−βx})/(1 − p exp{−βx})) α , (x, β, α > 0, p ∈ (0, 1)), covering in a single family a broad class of hazard functions (decreasing, increasing or a upside-down failure rate), depending on its parameters. So, if proven to provide a better fit, this model can represent an attractive alternative approach and be used to model removal trials data. To illustrate its use we present here an application of the GEG distribution to the WF4 and WF5 data trials. These data sets were chosen as they do not include censored observations and covariates were not statistically significant. The maximum likelihood estimates determined by fitting the GEG distribution to the mentioned data sets areα = 48.672,β = 0.370,p = 0.978, for the WF4 data set andα = 33.908,β = 0.159,p = 0.990, for the WF5 data set. Comparing these models with the previously fitted survival models, we found that the fit of the GEG model for the WF4 data set is in fact superior to the fit when using the log-normal model. At this point, however, there are no tools available to fit the GEG model in the presence of censored observations, which limits its current applicability in practice.
The parametrically estimated persistence rates clearly depended on the model distributional assumption. If, in some wind farms, estimated removal correction factors differed only slightly depending on the model (as, e.g., in WF1), other estimates differed substantially (as, e.g., in WF9). Hence, the study of different plausible models regarding its adequacy is crucial to reduce bias estimation of scavenging rates and increase confidence in inference results.
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